Abstract: Although remote sensing technology has long been used in wetland inventory and monitoring, the accuracy and detail level of wetland maps derived with moderate resolution imagery and traditional techniques have been limited and often unsatisfactory. We explored and evaluated the utility of a newly launched high-resolution, eight-band satellite system (Worldview-2; WV2) for identifying and classifying freshwater deltaic wetland vegetation and aquatic habitats in the Selenga River Delta of Lake Baikal, Russia, using a hybrid approach and a novel application of Indicator Species Analysis (ISA). We achieved an overall classification accuracy of 86.5% (Kappa coefficient: 0.85) for 22 classes of aquatic and wetland habitats and found that additional metrics, such as the Normalized Difference Vegetation Index and image texture, were valuable for improving the overall classification OPEN ACCESS Remote Sens. 2014, 6 12188 accuracy and particularly for discriminating among certain habitat classes. Our analysis demonstrated that including WV2's four spectral bands from parts of the spectrum less commonly used in remote sensing analyses, along with the more traditional bandwidths, contributed to the increase in the overall classification accuracy by ~4% overall, but with considerable increases in our ability to discriminate certain communities. The coastal band improved differentiating open water and aquatic (i.e., vegetated) habitats, and the yellow, red-edge, and near-infrared 2 bands improved discrimination among different vegetated aquatic and terrestrial habitats. The use of ISA provided statistical rigor in developing associations between spectral classes and field-based data. Our analyses demonstrated the utility of a hybrid approach and the benefit of additional bands and metrics in providing the first spatially explicit mapping of a large and heterogeneous wetland system.
Introduction
Wetlands perform vital functions by providing habitat, improving water quality, recharging groundwater aquifers, reducing erosion, and mitigating flood severity [1, 2] . Despite their importance for increasing biodiversity and provisioning ecosystem services and goods, extensive loss of wetlands has occurred throughout the world [3] [4] [5] [6] . Recently, there has been considerable concern regarding the impact of global and regional climate change on wetlands, especially in light of increasing temperatures and changing trends in precipitation [7, 8] . Due to their limited adaptation capability, wetlands in highlatitude, arid, and semi-arid regions are especially vulnerable to changes in temperature and precipitation. Scientific knowledge of the current status and future trends of wetlands in these regions is fundamentally important for formulating planning measures and effective management policies. Wetland mapping and inventory represent the first steps toward acquiring scientific knowledge about wetland habitats [9, 10] .
Wetlands are among the most difficult ecosystems to classify using remote sensing data due to their high spatial heterogeneity and temporal variability [10] [11] [12] [13] [14] . Sizes and shapes of wetlands vary greatly, as do the diversity of plant species and vegetation structures and types (e.g., open water, submerged plants, floating-leaved plants, emergent herbaceous vegetation, woody shrubs, and forest). Water levels fluctuate daily and seasonally, which can confound spectral classification, and many wetland plant species are spectrally similar to one another, which makes separation of unique signatures difficult, particularly when only a few broad spectral bands are available for classification. The presence of water interspersed with the vegetation dampens the overall spectral reflectance of the vegetation and further diminishes separability of individual species [15, 16] . Periphyton and algae can form large floating masses around wetland vegetation and may further complicate wetland vegetation classification.
Despite these limitations, the remotely sensed multispectral imagery from Landsat, SPOT, and other major data sources [10, 15] , as well as synthetic aperture radar images [17] [18] [19] [20] , have a long history of use in wetland mapping applications. The launch of the IKONOS satellite in 1999 signaled the advent of the new era of high-resolution satellite remote sensing, with panchromatic imagery at 1-m spatial resolution and four-band multispectral imagery at 4-m resolution. Since then, additional high-resolution satellite systems have been placed in orbit, including QuickBird, WorldView-1, GeoEye-1, WorldView-2 (WV2), and WorldView-3, and the launches of additional sub-meter sensors are pending.
The multispectral imagery of the WV2 satellite (DigitalGlobe, Longmont, Colorado, USA) is of particular interest for wetland mapping because, in addition to the typical spectral bands (i.e., visible blue, green, red, and near-infrared), WV2 also provides four new spectral bands (coastal (400-450 nm), yellow (585-625 nm), red-edge (705-745 nm), and near-infrared 2 (NIR2; 860-1040 nm)) from parts of the energy spectrum not typically covered by satellite sensors. These bands are expected to better discriminate vegetation properties and penetrate water features [21] . For example, the coastal band is characterized by its relatively shorter wavelength and higher energy, which penetrate deeper into water bodies. It has been reported that water depths down to 30 m can be effectively observed with coastal bands [22] , which would add to the understanding of subsurface features at the interface of aquatic and terrestrial landscapes. The yellow band can further assist in discriminating vegetation properties or penetrating water bodies. Lee et al . [23] demonstrated that the yellow band was more effective for determining depth between 2.5 and 20 m. The red-edge band facilitates the identification of vegetative condition, and has been shown to reveal difference between healthy trees and those impacted by disease or pollution [24] . This feature could be useful in identifying wetland features affected by hydrologic stress (e.g., excessive inundation or drought conditions [25] ). The NIR2 band that partially overlaps the NIR1 band is less affected by atmospheric influence, enabling broader vegetation analysis and biomass studies. The majority of studies to date have taken advantage of WV2 characteristics to conduct bathymetric studies in coastal waters [22, 23, 26, 27] . To our knowledge, only Lantz and Wang [28] have used WV2 to study freshwater wetlands and aquatic habitats in their research of the distribution of the species Phragmites australis.
We developed and applied a hybrid approach to analyze and classify the heterogeneous wetland habitat of the Selenga River Delta in Siberian Russia, taking advantage of the eight-band satellite WV2 sensor data for the first spatially explicit system-level mapping and inventory of this Ramsar wetland of international importance [29] . Our two major objectives were to: (1) present a practical and effective classification approach to using multispectral image bands for multi-scale wetland mapping and inventory; and (2) evaluate the utility of four additional spectral bands typically not available in satellite sensors for enhancing overall and habitat-specific wetland discrimination and increasing classification accuracy. We also quantified the potential improvement to our resultant wetland classification through the inclusion of the Normalized Difference Vegetation Index (NDVI, [30] ) and image texture measures [31] , that we hypothesized would increase our classification accuracy.
Methods

Study Area
The Selenga River Delta (SRD) in southeastern Siberia, Russia, is the terminus of the Selenga River, the largest among over 350 rivers and streams flowing into Lake Baikal (Figure 1 [32] , with a continental semi-arid climate [33] and mean air temperatures ranging from +14 °C in July to −19.4 °C in January. The growing season in the SRD lasts 140-150 days, and the mean annual precipitation is ~315 mm. The hydrologic regime of the delta has a seasonal pulse of high water from April to October caused by water level increases in Lake Baikal from the Selenga River and other tributaries during floods and freshets [34] . Water levels fluctuate daily depending on the direction and force of the wind, as well as the volume of water from the Selenga River, though the effect outside the channels and immediately adjacent wetlands or near-Baikal areas is tempered by wetland vegetation (e.g., [35] ). The study area includes the Kabansky District of the Baikalsky Nature Reserve (see Figure 1) . The Kabansky District, established in 1974, has an area of approximately 120 km 2 and is bounded by the Sredneustie Channel to the west, the Lobanovskaya Channel to the southeast, the Kolpinnaya Channel to the east, and Lake Baikal to the north. 
Satellite Data Acquisition and Processing
We acquired two overlapping, cloud-free WV2 images from 25 June and 3 July 2011. During this part of the year, many of the marsh species that grow in the delta have emerged from winter dormancy after the spring floods have receded, making the wetland vegetation more easily distinguishable from the adjacent upland vegetation. The two images together cover an area of 215 km 2 that includes the entire Kabansky District (Figure 2 ). Both images have a panchromatic band resampled to 0.5-m pixels and eight multispectral bands resampled to 2-m pixels. The two images have a 5-km wide overlap area. Although the two images were acquired at similar times of day (approximately 4:20 UTC) and have similar solar illumination conditions (sun elevation angle of 60°, sun azimuth angle of 164°), there is a noticeable radiometric difference between them. This difference is a result of both the additional eight days of vegetation growth and the wind conditions captured by the 3 July image. The images were successfully mosaicked using the ENVI georeferenced mosaicking tool (Exelis Visual Information Solutions, Boulder, CO, USA, version 4.8) after converting to top-of-atmosphere spectral reflectance values (see below) to account for the radiometric contrast. The 25 June image was acquired with a mean off-nadir view angle of 16 degrees, and the 3 July image with a mean off-nadir view angle of 28.5 degrees. Because the Earth-Sun distance, solar elevation angle, and atmospheric conditions influence the actual solar spectral irradiance for a given image, the two images acquired on different days have different radiances. To make the two WV2 images radiometrically comparable, the digital number values were calibrated and converted to top-of-atmosphere (TOA) spectral radiance values based on the absolute radiometric calibration factor and effective bandwidth values for each band. The TOA spectral radiance was converted to surface reflectance based on parameters of solar elevation angle, solar spectral irradiance, and acquisition time.
To georeference and orthorectify images, 21 ground control points (GCPs; i.e., features that can be easily identified on the WV2 images and visited in the field) were acquired using field GPS. We selected the best available sites for GCPs, including building corners (small hunting shacks, isolated houses), single isolated trees, tree stands, and identifiable points near river channels (i.e., where two tributaries meet). The Ortho-Ready Standard (OR2A) image products were projected to an average height of 414.03 m above the WGS-84 ellipsoid. OR2A products are not corrected for topographic relief so we applied a custom orthorectification. The OR2A image product geolocation root mean square error (RMSE) is estimated to be about 3-7 m in comparison with field-based GPS measurements of GCPs. To improve geolocation accuracy and image geometric integrity, we orthorectified the imagery using the GCPs and ASTER GDEM with a 30-m spatial resolution using the "rational function" method in ENVI software (Exelis Visual Information Solutions, Boulder, CO, USA, version 4.8) to perform orthorectification in Universal Transverse Mercator system zone 48N referenced to the WGS84 ellipsoid, and evaluated the resulting planimetric positional accuracy to be better than 2 m RMSE.
Vegetation Abundance and Habitat Structure Characterization
The NDVI and an image texture measure were derived and included in the wetland habitat characterization and classification. Both NDVI and the texture measure were linearly scaled to the numerical range similar to the surface reflectance of multispectral bands and used in the supervised wetland classification as described further below.
The NDVI is a well-established indicator for the presence and condition (i.e., abundance, vigor, and health) of vegetation [30] and is widely used for mapping the extent and abundance of vegetation, estimating biomass or the leaf area index, and distinguishing areas of unhealthy or stressed vegetation from healthy green vegetation. It is also utilized to enhance discrimination between different wetland habitats and upland features [36] [37] [38] . The NDVI is constructed based on the inverse relationship between chlorophyll absorption of red radiant energy and increased reflectance of near-infrared energy for vegetative canopies. Values of the NDVI range from −1.0 (i.e., no green biomass detected) to 1.0 (i.e., vigorous, dense green biomass). Healthy and abundant vegetation reflects strongly in the near-infrared portion of the spectrum while absorbing strongly in the visible red light, thereby yielding high positive NDVI values. Sparse, stressed, and flooded vegetation have nearly equal reflectances in both the near-infrared and red portions of the spectrum, resulting in small positive or zero NDVI values. Open water bodies yield negative values due to red reflectance larger than near-IR reflectance. The NDVI values for bare soil ground are near zero due to their similar reflectance in both bands. Thus, the NDVI image would be expected to enhance the discrimination between different wetland habitats. However, short-term changes in site hydrology (e.g., flooding) can result in spurious NDVI values due to water temporarily flooding or covering areas of substantial vegetative growth. We calculated the NDVI with bands 5 (red) and 7 (NIR1), selecting NIR1 as the more comparable of the two IR bands with NIR data from other satellites. Our calculated NDVI values ranged from −0.52 to 0.86 ( Figure 3 ). Many plant species and communities share similar spectral reflectance characteristics, but can be discriminated based on local texture [31] . Image texture represents the spatial arrangement and variation frequency of value levels of a contiguous set of pixels in a local neighborhood of an image. We computed six grey-level co-occurrence matrix (GLCM) measures of texture (i.e., homogeneity, contrast, dissimilarity, entropy, second moment, and correlation) with the NIR1 band. We performed this in ENVI, with a grayscale quantification level of 64 and a 3-by-3 processing window to count relative frequencies with which pixel values occurred in a specified distance and direction from the center pixel of the processing window. The homogeneity texture variable provided the greatest improved discrimination in our exploratory analyses and was used in our subsequent image classification (data not shown). Homogeneity was a measure of the similarity of pixel values in the neighborhood defined by the processing window, ranging from 0. 
Hybrid Classification
We adopted a hybrid classification approach [10, 39] that synergistically combines conventional unsupervised and supervised classification approaches with field survey and indicator species analysis (ISA) [40] (Figure 5 ). Our hybrid approach exploited the respective strengths of both unsupervised and supervised classification methods [10, 39] . We first performed an unsupervised classification on the eight-band imagery to create clusters prior to the field survey. The spectrally homogenous regions derived from each cluster were used for guiding field sampling and training data collection. The survey sites were 100 m 2 quadrats (described below), which were selected to be located within large spectrally homogeneous regions and to cover the various types of spectral clusters identified. Training sites with very similar spectral characteristics were then grouped for the field survey. Next, we applied ISA to each class of training sites to identify the habitat type or taxa with sufficient fidelity and specificity to that particular class. The identified indicator habitat types or taxa were then coupled with visual interpretations of the field photographs and the hydrogeomorphic positions of the training sites, so that each class of training sites could be characterized and labeled as a thematic aquatic or wetland class. In the final stage, we classified the orthorectified WV2 images using the interpreted and labeled training sites and a maximum likelihood supervised classification method, resulting in a fine-scale aquatic and wetland classification at the genus/community level. To facilitate a regional comparison with other wetland classification schemes, the aquatic and wetland classes at the genus/community level were progressively recoded and aggregated into broader wetland classes, culminating in a total of five hierarchical levels. 
Unsupervised Classification
We classified the radiometrically calibrated eight spectral bands into an initial 24 clusters using the Iterative Self-Organizing Data Analysis Technique (ISODATA) unsupervised classification method [41] [42] [43] [44] . We originally tried using a larger number of clusters, but the resulting spectral separability between some clusters was low, as indicated by small Jeffries-Matusita separability values (ENVI, Exelis Visual Information Solutions, Boulder, CO, USA, version 4.8). We made no attempt to interpret and label the 24 clusters; instead, we treated spatially connected pixels of the same cluster as spectrally homogeneous regions. These raster regions were subsequently converted into a set of polygons that we used for field sampling design and for collection of reference training data, as described below.
Field Sampling
We conducted the field sampling within two weeks of image acquisition, a period at the height of the growing season and, ideally, a period of little phenological change in species' characteristics. The spectrally homogeneous polygons of 24 clusters derived from the unsupervised classification were loaded into a GPS receiver as a vector data layer along with pan-sharpened WV2 imagery. Polygons of <0.1 ha were removed prior to inclusion to limit errors associated with the non-georectified ISODATA unsupervised classification. We targeted three sites for each unsupervised class, sampling a separate polygon for each of the three locations. The total number (72) of sites surveyed was constrained by the size of the survey crew (three scientists) and eight days of survey time. We accessed sampling locations by foot and/or boat, and penetrated each polygon at least 30 m, when possible, to limit errors associated with the non-georeferenced unsupervised classification. At each site, the percent cover for each species contributing ≥ 10% of the total cover was estimated within a typically square 100-m 2 plot, though in some cases the plot shape was modified to accommodate the polygon of interest. We observed and recorded dominant vegetation height, dominant species characteristics (e.g., perennial, annual, deciduous) and water depth, and recorded the geographic location of the plot center with 2-to 5-m real-time accuracy by taking the average of 20 location readings from a GPS receiver (Trimble Nomad, Sunnyvale, CA, USA). We took photographs in the cardinal directions from the plot center to record local vegetation structure and substrate composition, and investigated areas immediately around the sampling plot to ensure that the quadrat was representative of the community. We subsequently collapsed species-level data to the genus level to facilitate the initial stages of this exploratory study, which resulted in the identification of 30 genera and four aquatic habitat classes (i.e., open water, bare ground, thatch, and algae) that were used in the analyses.
Development of Training and Validation Datasets
After field sampling, we delineated regions of interests (ROIs) on the computer screen as small polygons across the 72 ground-truth sites, using the GPS coordinates of the field locations to center the ROIs. These ROIs were split into a training dataset for calibrating the supervised classifier and a validation dataset for assessing classification accuracy. The training ROIs contained 28,953 pixels. Based on the spectral characteristics, we grouped the training data into 22 classes using clustering analysis in ArcGIS (ESRI, Redlands, CA, USA, version 10.1). We examined the spectral separability among the 22 classes of training sites using the Jeffries-Matusita separability measure in ENVI [45] and determined that the Jeffries-Matusita value for all cluster groups was greater than 1.9, indicating good separability.
Indicator Species Analysis
Indicator Species Analysis (ISA) [40, 46] detects and evaluates the value of different taxa for characterizing a pre-determined class. We conducted ISA using PC-ORD (MJM Software, Gleneden Beach, Oregon, USA, version 6.0) to detect taxa or community components with specificity and fidelity to our derived classes, using genus-level percent cover and habitat descriptors (noted in Section 2.4.2, above) as potential indicators for each site. We calculated the indicator value (IV) for each species or habitat in PC-ORD by combining the percent cover at each sampling site with its relative frequency of occurrence in each class of training sites. Maximum IV for a species is achieved when all individuals of a taxon are found only in a single class of habitats and the taxon occurs in all habitats of that class. According to McCune and Grace [46] [and] should also be exclusive to that group, never occurring in other groups." To assess the statistical significance of class membership, each indicator taxon and/or habitat was evaluated for group membership using a randomization procedure with 9999 Monte Carlo runs and an acceptance alpha of 0.10. Not all classes would be expected to have significant indicator taxa/habitats. In those instances, we assigned a descriptive thematic label to the class based on the topographical location and hydrogeomorphic position [47] of each field site, as guided by field photographs, field records of soils, and species dominance within that class. These training sites with interpreted class labels were subsequently used in the supervised image classification.
Supervised Classification and Multi-Scale Aggregation
At the final stage of the hybrid classification, we used the maximum likelihood (ML) supervised method [44, 48] in ENVI to classify the 10-layer image stack (the eight multispectral bands plus the NDVI and homogeneity texture measures) using the labeled training sites. Multivariate normality was confirmed by checking the histograms of training pixels for different bands of each class. An accuracy assessment, reported as producer's and user's accuracies, of the most refined classification level was quantitatively evaluated based on a random sample of 16,544 validation pixels from ground-truth polygons. Random points were generated using "Create Random Points" in ArcGIS, with the number of random points within each polygon being proportional to the area of the polygon.
To meet various requirements for wetland management and to facilitate comparisons between wetland classification systems, a five-tiered hierarchical classification of the SRD was conducted. We progressively aggregated the most refined output of the ML supervised method (Level 5, with 22 classes, see below) into broad substrate and vegetation classes at more generalized levels, as guided by ecological and taxonomical relations of various wetland habitats in the Cowardin wetland classification system [49] and the Ramsar Classification System (RCS) [50] . The Cowardin system was designed for the National Wetlands Inventory program of the U.S. Fish and Wildlife Service and is comprised of several levels (i.e., system, subsystem, class, subclass, and modifiers). The RCS was developed after the signing of the 1971 Ramsar, Iran, International Convention on Wetlands that provides a treaty framework for the conservation of the worldʼs wetlands. The RCS identifies three general categories of wetlands: marinecoastal, inland, and human-made. The RCS further divides inland wetlands, such as those relevant to this study, into 21 types, including permanent inland deltas. Wetland classes in the RCS are much coarser and broader than classes in the Cowardin classification system.
Testing the Efficacy of Additional Spectral Bands, NDVI, and Texture
Once the final classification was completed, we retrospectively analyzed the effectiveness of the four new WV2 spectral bands for habitat discrimination by adding bands (coastal; coastal plus yellow, red-edge, and NIR2) and data layers (NDVI; NDVI plus texture) to the base layer of the four traditional bands. We assessed change in overall classification accuracy as well as accuracy improvements within certain groups with the addition of our data layers.
Results
Vegetation and Site Data
We sampled a range of wetland habitats in the SRD and identified 34 taxa or habitat descriptors across the 72 sites sampled, including habitats dominated by open water and floating leaved plants (e.g., Nymphoides, Nuphar, Nymphaea), floating plants (Lemna, Spirodela, Utricularia), rooted water plants (e.g., Potamogeton, Myriophyllum, Ceratophyllum), emergent plants (e.g., Polygonum, Hippuris), and several ruderal plants from grazed areas (e.g., Trifolium, Galeopsis, and Agrostis). The most commonly identified genera and/or wetland habitats included open water, Nymphoides, thatch (i.e., the previous seasonʼs often unidentifiable senescent or dead vegetation), Calamagrostis, Carex, and Equisetum. These occurred at >10% cover (i.e., the lower limit at which a vegetation class or habitat was recorded for this study) at >5% of the plots.
Multi-Scale Hierarchical Habitat Classification
Although we aggregated classes from the finest level to the most general, the results are more logically described from the coarsest to the finest resolution. We anticipate that end-users would select the hierarchical level at which their needs would be met. At the coarsest scale, or Level 1, we described the entirety of the inland freshwater deltaic wetland (data not shown). This top-level class corresponds to the "System" level in the Cowardin wetland classification scheme and the sub-type "permanent inland deltas (L)" of the general wetland type "inland wetlands" in the RCS [49, 50] . The second level consisted of two classes ( Figure A1) : (1) open water and aquatic bed and (2) emergent herbaceous and woody wetland. The Level 3 classification resulted in five basic aquatic and wetland types: (1) stream, river and lake bed; (2) unconsolidated bottom; (3) aquatic bed; (4) emergent herbaceous wetland; and (5) scrub-shrub wetland ( Figure 6 ). Level 3 generally corresponds with the "Class" level in the Cowardin classification scheme. Level 4, with 13 classes, approximates the "Subclass" level in the Cowardin scheme [49, 51] (Figure 7 ). In Level 5, which is the finest scale and which served as the initial classification from which all other groupings were aggregated, we identified 22 classes of aquatic substrates and wetland vegetation cover at genus and community levels (Figure 8 ). 
Accuracy Assessment
We conducted an accuracy assessment of the habitat classification at the finest scale (Level 5), as subsequent and coarser classifications originated from the collapsing of Level 5 classes to more general groups (Table 1) . Our accuracy assessment was quantitatively evaluated based on a stratified random sample of 16,544 validation pixels from ground-truth site polygons independent of training pixels. As we were limited to the number of sampling points we could visit across the study area, our use of site polygons may over-estimate the accuracy of our study. However, we found overall classification accuracy, computed by taking the total number of correctly classified pixels (i.e., diagonal cells of confusion matrix) and dividing by the total number of samples, to be 86.5%. We calculated the Kappa coefficient, which is a measure of the likelihood that the observed classification is due to chance (Kappa = 0) or true agreement (Kappa = 1.0) [52] , to be 0.85. Individual class accuracies were evaluated by producer's accuracy (PA) and user's accuracy (UA) measures (see Table 1 ). The PA for 22 classes ranged from 60.7% to 98.3%, and four classes (Classes 2, 7, 9, and 19) had PA values <70% (i.e., omission error larger than 30%). The UA for 22 classes ranged from 52.3% to 99.5%, and two classes (Classes 9 and 18) had UA values of <70% (i.e., commission error larger than 30%). 
ISA/Vegetation Analyses
We identified 11 indicator taxa/habitats using ISA for the 22 wetland classes at Level 5 ( Table 2 and Figure 8 ), and in no cases were multiple plants/habitats identified with sufficient fidelity and specificity to be indicators of the same wetland class. This suggests that at 22 classes, our analyses identified plants and habitats that tended to dominate plots (Nymphoides, Potamogeton, Phragmites, Equisetum, thatch (often composed of last season's Equisetum), bare ground, etc.) in the multiple sites in which they were found. These taxa and habitats tended to be common throughout the delta. We found >100 measureable occurrences of these 11 indicators. 
Calamagrostis
The ISA was also applied to each of 13 broad classes at Level 4 of the classification hierarchy (Table 3) , resulting in 11 indicator taxa, including open water, bare ground, and thatch habitats. Only one class (Class 8) had more than one indicator with both Equisetum and bare ground. Equisetum forms extensive monocultures that, upon senescence, can be easily removed through flooding or ice scour. It is likely this mechanism results in stands of Equisetum that often are mixed with extensive areas of bare soil. As found with our Level 5 classification, Level 4 identified the same taxa and habitats that were monoculture forming (e.g., Phragmites, Nymphoides, Equisetum) or commonly found in unique hydrogeomorphic settings (e.g., Calamagrostis was frequently interspersed with Salix on distributary stream banks). These taxa and habitats dominate the SRD. Open water classes at Level 4 appeared to be bifurcated to more resolved Level 5 classes, including Potamogeton, Sparganium, and Utricularia. Interestingly, Myriophyllum, a cosmopolitan submerged aquatic genus, and Nuphar, a floating-leaved vascular plant, were indicators at Level 4, but not at Level 5. These taxa are sufficiently common throughout the SRD to be found at many plots, but were sparse enough in most plots that, with more finely resolved data, they may have been further split into groups based on habitat descriptors (e.g., based on substratum). We did not apply ISA to the classes at Level 3 or above, since the wetland and aquatic habitat classes at these levels are too broad and ecologically heterogeneous to identify indicator or dominant species. Instead, the broad classes at Levels 3 and 2 are to be interpreted and labeled in terms of their topographical positions, substrate composition, and taxonomical relations with the fine-scale wetland habitat classes at Level 4.
Improved Classification with Additional Spectral Bands and Metrics
In this study, we evaluated the utility of four new spectral bands, NDVI, and a textural measure to differentiate among wetland habitats. The contribution of new bands to wetland habitat discrimination was evaluated by observing the changes in overall classification accuracy, PA and UA for each class, when one or more new bands was included in the classification in addition to four traditional bands (Table 4) . Using the finest resolved hierarchical classification of 22 classes, the overall accuracy with the four traditional spectral bands was only 79.0% and the Kappa coefficient was 0.77. When the coastal band was included in the classification along with the four traditional bands, the UA for Class 1 (Deep Water with Sand Bottom) increased from 86.2% to 97.8% and the PA for Class 7 (Submerged Aquatic Vascular-Sparganium) increased from 86.1% to 96.4%, despite only a small increase in the overall accuracy from 79.0% to 80.4%. The new yellow, red-edge, and NIR2 bands were useful for discriminating many different types of vegetated habitats, including scrub-shrub, emergent herbaceous, and submerged aquatic vascular. When the yellow, red-edge, and NIR2 bands were used along with the four traditional bands, the overall classification accuracy increased from 79.0% to 82.0%. In particular, the PA for Class 22 (Scrub-shrub) increased from 59.6% to 73.0% and the UA increased from 82.0% to 92.2%. Both the UA and PA for Class 21 (Persistent Emergent-Amoria/Galeopsis/Trifolium) and Class 20 (Persistent Emergent-Scolochloa) also significantly increased. The UA for Class 16 (Persistent Emergent-Equisetum) and the PA for Class 7 (Submerged Aquatic Vascular-Sparganium) improved considerably as well (see Table A1 ). While some particular classes improved substantially, the combined benefit of the four new bands increased the overall classification accuracy by only about 4%. Understanding the ecology and relative abundance of different habitats within a study system may, then, dictate the utility of the additional bands and processing steps. The classification scale may also help to determine whether the time and resources to acquire and process the additional bands are necessary. When dealing with large systems in remote areas with substantial vegetative heterogeneity, it is prudent to err on the side of caution when conducting vegetative assessments and system classification by acquiring the additional bands to calculate the NDVI and textural measures. Table 5 . Mean and standard deviation (Stdv) of NDVI and textural homogeneity using the Level 5 classification. NDVI values < 0.0 represent little to no detectable photosynthetic activity, while higher values suggest increased green biomass and synthetic activity. Lower homogeneity values (i.e., 0.0-1.0) represent areas of greater textural heterogeneity. The capabilities of the NDVI and image texture in differentiating wetland habitats were evaluated similarly (Table 5 Figure 3 ). When the NDVI layer was included along with the eight spectral bands in the classification, the overall classification accuracy increased from 82.9% to 83.9% (see Table 4 ). In addition, inclusion of the NDVI improved both the UA and PA for Class 10 (13.8% and 5.1%, respectively) and Class 11 (8.7% and 10.2%, respectively). The UA for Class 2 improved by 9.6% and PA for Class 19 improved by 10.9%.
Class
Water surfaces of lakes, streams (Classes 1 to 4), and aquatic beds with submerged vegetation (i.e., Classes 6 to 8) had smooth textures, with homogeneity values >0.7 (see Table 5 ). Some types of emergent herbaceous stands (Classes 14 to 17, 19, and 21) also had quite fine and smooth textures, and their homogeneity values were >0.6. Scrub-shrub covered areas (Class 22) had coarse and rough textures with the lowest homogeneity value (0.24), strongly contrasting with the surrounding emergent herbaceous wetlands (see Figure 4 ). Class 9 (Submerged and Floating Vascular-Agrostis/Eleocharis) and Class 20 (Persistent Emergent-Scolochloa) also had relatively coarse and rough textures resulting in low homogeneity values. The inclusion of image texture with the eight spectral bands increased the overall classification accuracy by 2% (see Table 4 ), but most greatly affected the PA for Class 22 (Scrub-Shrub), which improved by 12% (from 75.7% to 87.7%). Both the PA and UA for Class 21 (Persistent Emergent-Amoria/Galeopsis/Trifolium) and Class 19 (Persistent Emergent-Calamagrostis) were also considerably improved, suggesting that image texture plays a critical role in discriminating scrub-shrub habitats from emergent herbaceous vegetation and open waters.
Discussion
The advent of high-resolution multispectral satellite remote sensing systems presents new and exciting capabilities in mapping wetland resources with very high accuracy and spatial detail. The inclusion of multiple bands and derived measures (e.g., NDVI, textural metrics) improved our overall mapping accuracy, as well as the discrimination of particular wetland elements. We developed a hybrid classification approach by synergistically combining conventional unsupervised and supervised classification methods with Dufrêne and Legendre's [40] ISA statistical analysis, and found that including the additional bands slightly increased overall accuracy but had a more substantial contribution in decreasing errors associated with specific classes.
Classification of the Selenga River Delta
Classification Overview
As satellite sensors have improved over time, increased efforts in the past decades have been devoted to the development of image classification methods for wetland applications. However, wetlands remain one of the most difficult ecosystems to be classified with remote sensing data [10] [11] [12] [13] due to their high spatial heterogeneity and temporal variability. Though our ~87% accuracy was satisfying, improved accuracy and detail would likely be useful to scientists and managers assessing the resource, and may be obtained through newer classification methods proposed for wetland classification and inventory. For instance, fuzzy classifications [53] , linear spectral unmixing [54] [55] [56] , and direct subpixel techniques [10, 57] are potential methods to improve wetland classification.
Some wetland studies [58] [59] [60] [61] [62] have adopted decision tree and other rule-based classification methods in which ancillary environmental data, intuitive rules and scientific knowledge can be explicitly incorporated to improve the flexibility, robustness and reliability of wetland classification. Recently, object-based image classification methods have been applied to wetland classifications [28, [63] [64] [65] [66] . Different from per-pixel-based classification methods, the object-oriented method first segments an image into a set of homogenous objects called regions, then groups the image objects into different thematic classes based on spectral, textural, geometric, and/or topological properties of image objects. As we found useful differentiation between classes using spectral and textural approaches and a more traditional analytical method, adding additional properties with an object-oriented approach could substantially improve wetland classification.
Using satellite sensors with higher resolution and additional bands will necessitate improved analytical techniques that better incorporate ancillary data. However, for a system with the size of the SRD, data requirements should be identified at the scale of the management need. This can be accomplished while concurrently delving further into wetland classification and synecological relationships using highly resolved data and advanced analytical techniques by creating a hierarchical classification. This ensures that outcomes provide useful information for a multitude of end users.
Classification Error Assessment
Classification errors associated with this study likely reflect ecological gradients and vegetation growth patterns not following rigid and well-defined geographical separations. For instance, we often encountered Carex co-occurring with Calamagrostis as they both occupy similar ecological niches. There was sufficient fidelity of plants to Class 18 and Class 19 for ISA to identify Carex and Calamagrostis as unique indicator taxa, yet their ecological niches were apparently not distinct enough for the hybrid classification to accurately discriminate between them. It is also worth noting that there are tens of species of Carex that occur in the wetland habitats that we surveyed, confounding their use as indicators. We addressed field-scale botanical heterogeneity by only characterizing percent cover for plants and habitats at ≥10%, using a large (100 m 2 ) quadrat for sampling and only focusing on taxa at the genus level. Further accuracy improvement would likely come from additional imagery acquisition over time that could capture phenological changes associated with, and specific to, the most commonly occurring taxa in the hybrid classification classes, as well as focusing on species-level analyses.
Both the omission and commission error rates associated with certain Level 5 classes (e.g., Classes 1, 5, 6, 12-14) were excellent, with errors <10%. Phragmites, an indicator of Class 14, is known to form extensive monocultures, thus providing limited spectral variance within a given stand [28, 60] . In our study, two areas with extensive Phragmites were noted to have >75% and >90% Phragmites dominance. Similarly, Nymphoides (Classes 12 and 13) are mat-forming plants with floating leaves that can completely dominate areas of moderate depth (<2 m) and low-flow velocities. The depth prevents many plants from successfully rooting and the relative density can vary markedly (e.g., sparse, dense, very dense) depending upon multiple factors, including wind direction, water depth, and wave exposure. We found measureable stands of Nymphoides at 19 sampling locations, ranging from 10% to 97% coverage. The SRD includes large areas of deeper waters, with no readily apparent vegetation, identified as both Deep Water with Sand Bottom (Class 1) and Shallow Water with Sand Bottom (Class 5). Moderately deep water with limited wind exposure would often be dominated by stands of Potamogeton (Class 6).
We encountered sufficient Potamogeton on five sites, four with ≥30% and one with ≥90% coverage. Few other plants were found intermixed with Potamogeton, limiting its spectral variance.
Indicator Species Analysis
Indicator Species Analysis is a powerful tool to explore the associations between particular taxa or described habitats and satellite-based classifications and we suggest increased application of this tool to remote sensing analyses because the ISA can be useful to " [d] escribe species relationships to environmental categories or experimental groups" [46] . In our study we were able to identify 11 taxa/habitats with sufficient specificity and fidelity to our supervised groups at the Level 5 classification and another 11 at Level 4. That is useful for end users who, upon identifying the abundant taxa/habitat within their plot, can use that knowledge to determine the plot's habitat class and the corresponding frequency, abundance, and function of that class. Furthermore, knowing the relationships between taxa fidelity and classes can improve our knowledge of botanical synecological relationships in subsequent studies.
Though not conducted in this study, ISA can also be used in remote sensing studies to discern output from cluster analyses. For instance, as shown by McCune et al. [46] for dendrogram pruning, output from a supervised classification demonstrated a certain number of unique classes can be explored through calculating and plotting the average ISA p-value and number of significant ISA taxa for each class. The final number of unique classes, or clusters, can be iteratively tested in this manner based on the field data and the selection of the final number of classes of the remotely sensed data based on the lowest average p-value and/or the highest number of significant ISA taxa.
Additional Bands, NDVI, and Texture Metrics
This research quantitatively evaluated the benefits of four new spectral bands in addition to more typical bandwidths from a high-resolution satellite system for discriminating freshwater wetland habitats and plant communities. Like several other studies [28, 67, 68] , our analysis indicated that the addition of the four new spectral bands contributed little to the overall increase in the classification accuracy (<4% improvement), but was beneficial for distinguishing specific wetland classes. In our study, the coastal band made the greatest contribution in the separation between different open water and aquatic habitats. This is similar to the results from Souza and Kux [69] , who found high discrimination of tidal channels from other satellite systems with the coastal band. The yellow, red-edge and NIR2 bands were more useful for discriminating among different vegetated terrestrial and aquatic habitats, especially on less frequently inundated areas (e.g., Classes 20 and 21), and areas with an interplay of Equisetum, thatch, and bare ground (Class 16). We did not further separate the bands to determine the relative importance of each band, outside of the coastal band, to improving our accuracy. In an area such as the SRD, with so much vegetation diversity, further studies of the influence of these additional bands are warranted.
Our analysis also showed that the NDVI remains valuable for improving overall classification accuracy, and image texture can be particularly useful for separating scrub-shrub wetlands from emergent herbaceous wetlands. In comparison with the four traditional spectral bands, the introduction of four new spectral bands, NDVI, and image texture increased the overall wetland classification accuracy by 7.5%.
Summary
Increasingly available at finer resolutions and temporal coverages, remotely sensed imagery provides an excellent data source for providing inventories of wetland systems. Because of their fluctuating water levels, large and heterogeneous wetland systems are likely among the most difficult systems to inventory. Remotely sensed data and increasingly effective analyses (e.g., [60] ) are providing informative baselines for scientists and resource managers to study the effects of climate change, altered hydrology, and other perturbations and adaptive management techniques on wetland systems. In this study, we developed a hierarchical inventory of wetlands of Russia's SRD, a Ramsar Wetland of International Importance and a UN World Heritage site, and tested the ability of additional WV2 bands to classify the wetland landscape. As others have found, overall accuracy increased little with the addition of the four extra WV2 bands, though the accuracy associated with certain classes did increase markedly. Incorporating NDVI and texture measures resulted in a substantial improvement in the accuracy, suggesting that these metrics will continue to improve our understanding of wetland landscape environments. In addition to better classifying the SRD, we anticipate that the five levels of our hierarchy will be useful to effectively managing this important resource in light of changes to inputs to Lake Baikal from climate modification as well as anthropogenic disturbances in the Selenga River watershed. Improved mapping and inventories of the SRD will come from increased field-based data sets with improved spatial distribution within the delta, species-level analyses, additional imagery from "shoulder seasons" within the SRD, and modifications to the classification algorithms. 
